Reliable and accurate short-term prediction of wind speed at hub height is very important to optimize the integration of wind energy into existing electrical systems. To this end, a coupled model based on the Weather Research Forecasting (WRF) model and Open Source Field Operation and Manipulation (OpenFOAM) Computational Fluid Dynamics (CFD) model is proposed to improve the forecast of the wind fields over complex terrain regions. The proposed model has been validated with the quality-controlled observations of 15 turbine sites in a target wind farm in Japan. The numerical results show that the coupled model provides more precise forecasts compared to the WRF alone forecasts, with the overall improvements of 26%, 22% and 4% in mean error (ME), root mean square error (RMSE) and correlation coefficient (CC), respectively. As the first step to explore further improvement of the coupled system, the polynomial chaos expansion (PCE) approach is adopted to quantitatively evaluate the effects of several parameters in the coupled model. The statistics from the uncertainty quantification results show that the uncertainty in the inflow boundary conditions to the CFD model affects more dominantly the hub-height wind prediction in comparison with other parameters in the turbulence model, which suggests an effective approach to parameterize and assimilate the coupling interface of the model.
Introduction
The growing demand for renewable energy together with social, economical and environmental constraints leads to the currently continuous development of wind power. For the sake of integrating the wind power into an existing electrical network system, active control of the output wind power is of particular importance, which relies on the prediction of the hub-height wind for the target wind farm. To this end, numerical weather prediction (NWP) models (e.g., Weather Research and Forecasting (WRF) model), which integrate fluid dynamic cores and other parameterization packages of different physical processes, such as atmospheric boundary layer turbulent closures, radiation, moist convection physics, and other physics, have been extensively used to provide reliable predictions of low-level wind [1, 2] . However, these NWP models cannot take the fine terrain features into account due to the relatively lower spatial resolution. It is addressed in Zajaczkowski et al. [3] that a typical mesoscale NWP model is not able to adequately capture the wind flow features finer than 1 km, which are usually associated with complex topography. Thus, it is necessary to couple the NWP models with other high-resolution models to revolve the local fine structures of the wind field over complex terrain regions.
Computational fluid dynamics (CFD) models, which enable capturing flow structures of small scale, are increasingly employed in simulating and predicting wind flow under complex conditions.
Data and Models

GFS Data and Observations
The National Centers for Environmental Prediction (NCEP) Global Forecast System (GFS) real-time forecasts which are gridded to a horizontal resolution of 0.25 × 0.25 degree are adopted as the initial/boundary conditions to drive the high-resolution mesoscale WRF model. The observed wind data are taken from 15-site (as shown in Figure 1c ) at a wind farm located in south Awaji Island, Japan. These data have been processed through a quality-controlled procedure.
Mesoscale Model
The Advanced Research WRF (ARW) model version 3.6, a limited-area mesoscale model based on a fully compressible and non-hydrostatic dynamic core, is used in this study. The domain configuration of the WRF model is the same as in our previous study [14] , including a parent domain and three nested domains with horizontal resolutions of 24.0 km, 6.0 km, 1.5 km, and 0.5 km, respectively. There are 35 vertically stretched eta levels, 10 of which are within the lowest 1 km used for all domains and the top level is located at 50 hPa. The topographic data are obtained from the U.S. Geological Survey (USGS) global 30 arc-s elevation (GTOPO30) data set for all domains. The 30-hour ahead hourly predictions are carried out, starting at 6:00 p.m. UTC each day. The first 6 h are considered as the spin-up time, and only the latter 24-hour forecasts are of interest.
CFD Model
The local microscale air motion is considered as incompressible turbulent flow. We use the reduced Reynolds-averaged Navier-Stokes (RANS) equations which are time-averaged equations of flow motion, to formulate the air flow,
where (¯) denote the Reynolds-averaged quantity, µ is the dynamic viscosity, ρ is the density of dry air and p represents the pressure. The left-hand side of Equation (2) represents the change in mean momentum of fluid element owing to the unsteadiness and convection in the mean flow. The last term in Equation (2) denotes the effect of sub-grid turbulent eddies owing to the fluctuating velocity field, which need an extra model for closure. As a kind of turbulent viscous model, a RANS model adds the turbulent viscosity µ t to the dynamic viscosity in (2) . We in present work employ the widely used k − model presented in [15] , where the turbulent viscosity is computed by
where C µ is a model constant, k = 1 2 (u 2 + v 2 + w 2 ) stands for the turbulent kinetic energy and is the dispassion rate. The value of k and can be obtained using the following two equations:
where C 1 and C 2 are two additional model constants, computed by
where C µ = ( u 2 * k ) 2 and u * is the friction velocity. σ and σ k are the other two model constants. The values of these model constants are usually obtained empirically and subject to tuning to fit specific applications. Standard set values of the model constants are given in Table 1 . We in this paper assess the impact of the uncertainties in these empirical constants on the low-level wind structures over the target region.
In this work, we use the SimpleFoam module in OpenFOAM model (ver.5) with the above RANS model to simulate the microscale low-level wind field in the wind farm site. 
Coupling WRF and OpenFOAM
The two models mentioned above have been extensively verified and validated separately as mesoscale NWP model and microscale CFD model. However, it is hard to solely use either of them to reproduce adequate numerical results for the wind flow over complex terrain for an in situ operation in a target wind farm site. It is the main reason why we intend to couple these two component models together.
In practice, the coupling is implemented by using the mesoscale WRF forecasts as the boundary conditions and the initial guess to iterate the microscale OpenFOAM model at each time step. Given the output of WRF model, SimpleFOAM was driven to reach the steady solution under the instantaneous boundary forcing of the WRF model. Figure 1 displays the configuration of WRF and OpenFOAM domains, where the grid spacing and domain size of the WRF and OpenFOAM models are quite different. The WRF domain shown here (Figure 1a ) is the inner most one among the four-nested domains as described in Section 2.2, of which the horizontal resolution is 500 × 500 m, whilst the horizontal resolution of the OpenFOAM domain ( Figure 1b ) is chosen as 50 m in this study, which is much finer than the WRF model. The size of the OpenFOAM domain is 12 km × 12 km, which overlaps a region of 24 × 24 cells of the WRF model. This configuration is beneficial to extract information from WRF model as initial/boundary conditions to drive the OpenFOAM model. We illustrate part of the terrain and mesh for the wind farm site of interest in Figure 1c , where the finest structured mesh cells are generated with the terrain data extracted from the Shuttle Radar Topography Mission (SRTM) data set that has a resolution of approximately 90 m (3 arc-seconds). Since OpenFOAM uses the Cartesian coordinate system, the coordinates are changed from Geographic to the UTM (Universal Transverse Mercator) coordinate based on the datum and zone of WGS 84 and 53 N, respectively. A structured mesh with hexahedral elements is generated. The lowest surfaces of the mesh elements are fitted to the terrain surface, so as to represent the topographic features accurately. Horizontally, the total number of the mesh is 240 × 240, while 30 levels are partitioned in the vertical with an expansion ratio of 1.94. The boundary condition types used in the numerical experiment are summarized in Table 2 . 
Running Mean Correction
The running mean correction method has the ability of improving the raw predictions by reducing the systematic error [17, 18] . In practice, running mean errors are calculated with averaging windows varying from 1 to 30 days, and those error estimates are used to forecast and correct the subsequent predictions [18] . We choose the running mean method with the averaging window of one-day as a reference to compare the performance of the coupled model proposed in this work.
Uncertainty Quantification
In the coupled model discussed above, there are many uncertainties and errors in the numerical models as well as the initial/boundary conditions. Some of them affect the numerical results significantly. One of the major tasks of this work is to assess the effects of the uncertainties on the low-level wind structures quantitatively. We briefly introduce the method used in this work for uncertainty quantification.
The Polynomial Chaos Expansion Approach
In the present work, we adopt the polynomial chaos expansion (PCE) approach to quantify uncertainties in the coupled model. PCE has been widely used due to its appealing efficiency resulting from high convergence ratio of the polynomial approximation [19] . The PCE approach formulates an uncertainty using a series of orthogonal polynomial basis functions. In general, any quantity with uncertainty element ξ can be written as
where {φ k (ξ)} ∞ k=0 stands for the orthogonal polynomial series, andf k is the corresponding coefficient which contains the effect of the uncertainty element and is computed bŷ
where the orthogonality of the basis function is used. Usually, the convergence ratio of the PCE approach highly depends on the choice of polynomial series [20] . We choose the Legendre polynomial basis functions to analyze the effect of uncertainty with a uniform probability distribution in this study.
We assume that the distribution of uncertainty element ξ is the uniform in [−1, 1], so the probability density function remains constant as
and the denominator (8) is calculated from the characteristics of the Legendre polynomials as follows:
The numerator of (8) is evaluated by the stochastic collocation method described below.
Calculation of Coefficient of Polynomials: Stochastic Collocation Method
In this study, the stochastic collocation method, as a non-intrusive implementation of the PCE, is used to calculate the integral of the numerator of (8) through a numerical quadrature based on the results of deterministic simulations.
Following [21] , we use the Clenshaw-Curtis quadrature instead of the Gauss-Legendre quadrature in this work for computational efficiency. The numerical quadrature is conducted with respect to the uncertainty element ξ. We make use of the quadrature rule to determine the quadrature points ξ (i) and the corresponding weight w (i) in the uncertainty space. Given a set of values of a variable or a model parameter, which includes the uncertainty element ξ (i) of interest, at the quadrature points ξ (i) , we conduct the deterministic numerical simulations and get the numerical solutions f D (ξ (i) ) for the physical field f (ξ) with uncertainty.
The numerator of (8) is computed from the Clenshaw-Curtis quadrature,
where f D (ξ (i) ) represents the numerical result from the deterministic solver at the i-th quadrature point ξ (i) .
In case of k < (M − 1)/2, the coefficient of the PCE can be exactly retrieved from the Clanshaw-Curtis quadrature. Then, we can express the PCE by a truncated model as
The convergence of this truncated PCE to the stochastic result with the errors of aliasing and numerical quadrature can be proved [19] .
Statistics Using Polynomial Chaos Expansion
Once the coefficients of the PCE are determined, the statistical properties can be directly computed from the truncated PCE model (12) . For example, the mean and variance can be easily obtained as follows:
The standard deviation (STD) is calculated as a positive root of the variance. The cumulative density function CDFf of valuef is calculated as the integration of p(ξ) over the ranges Ξ :f (ξ) <f as follows:
which is computed by numerical quadrature. CDF reflects to some extent the nonlinearity in the response of the system to uncertainty ξ, as discussed in Section 4.3.
Experiment Design
Although coupling mesoscale WRF and microscale CFD model can improve wind forecasts over a complex region, the performance of this coupled model includes several uncertainty sources which significantly affect the forecasting results, such as the uncertainties in the lateral coupling boundary condition, the turbulent model, and the land surface parameterization, among others.
In this study, we focus on the uncertainties in inlet boundary conditions and the RANS turbulence model (k − ) in the CFD module.
• Uncertainty in the inlet boundary condition The wind flow inlet boundary condition, which usually has the form of standard neutral surface layer profile [22] , can significantly influence the output of a CFD model. Such a profile can be specified using the wind shear exponent α with the wind velocity at a reference level [1] ,
where U(z) and U re f are the wind velocities at height z and reference level z re f , respectively. The empirically estimated value of α is approximately 0.14 over smooth terrains [1] , which however needs further tuning when applied to complex terrain conditions. Thus, we choose the shear exponent α as an uncertain parameter to quantify the impact of the uncertainty in the inlet boundary condition on the numerical results of the low-level flow field. We analyzed the statistics from a set of deterministic CFD simulations with different values of α. For the sake of investigating the sensitivity of α, a broad range varying according to a uniform distribution in the range from 0.02 (very smooth surface) to 0.26 (suburban) [23] is employed in this study.
• Uncertainties in turbulence model parameters We also quantified the impact of the uncertainty of the empirical parameters in the turbulence model as described in Table 1 on the wind flow forecasting at the target wind farm over complex terrain conditions.
We set the uncertainty of each parameter as a uniform distribution with bounded values shown in Table 3 . The variation range of each parameter is determined by the physical and computational admissible bounds with respect to the standard values as discussed in [24] . 
Results and Discussion
In this section, we first evaluate the capability of the coupled system by simulating an in situ case. The numerical results of the prediction of the coupled model are validated with the nacelle wind observations at each wind turbine site over an 8-day period. We then quantify the impact of the uncertainties in both the parameters in the turbulence model and the inlet boundary conditions which are extracted from the mesoscale WRF model and serves the key in the coupled model.
The Flow Field under Dynamic Forcing of Topography
An in situ case starting from 12:00 a.m. UTC, 1 October 2013, has been used to validate the performance of the coupled forecasting system for simulating low-level wind flow over complex terrain. As the prevailing wind is northwest, the inlet and outlet boundary conditions are set as in Figure 2 . The inlet boundary condition is the output from the mesoscale WRF model. The SimpleFoam module in the OpenFOAM package with the k − turbulence model is used to generate a steady flow field. Throughout all this study, we assume that the wind flow reaches a steady state when all the residuals of U x , U y , U z and k are smaller than 10 −3 , while the residual of p should be smaller than 10 −2 . Figure 2a ,b show the simulation results of pressure and wind speed, respectively. The distribution of the pressure is reasonably reproduced, where the dynamic forcing of the topography results in low pressure near the top of the hills and high pressure in the upwind side of the hills. The pressure fields sliced on the two vertical cross sections in x − z plane in Figure 2a demonstrate that the coupled model is able to simulate the fine 3D flow structures over complex terrain. From Figure 2b , it is observed that the wind velocity over the hills is significantly accelerated and reaches the maximum around the top of the hills, while decreased on the lee side of the hills. In addition, we have also examined the turbulence kinetic energy (TKE) and found that TKE is greatly enhanced over the hills and decays out gradually in the downstream direction, which is in agreement with the theoretical observational results. 
Validation of the Coupled Model for Wind Prediction
It has been demonstrated in the above section that the coupled system with the direct CFD simulation of topographic forcing the wind flow over the complex terrain can be well resolved. We extensively carried out 192 cases using the coupled model to predict the wind fields of a one-hour interval from 00:00 UTC 2 October to 23:00 UTC 9 October 2013. It is worthwhile to note that the wind directions from WRF-alone model for these cases are different. The inlet and outlet patches are determined by the prevail wind direction at level of 400-m. The forecasting results for 15 turbine sites are compared with the corresponding nacelle wind observations separately. In order to evaluate the effectiveness of the coupled forecasting system, we also include the numerical results from the forecasting system solely based on the mesoscale WRF model for comparison at some specific turbine sites of the target wind farm.
The comparisons of the wind speed predictions for all 15 wind turbine sites during the period of 00:00 UTC 2 October to 23:00 UTC 9 October 2013 are shown in Figures 3 and 4 , where forecasts of both the WRF model (denoted by "WRF_fore") and the coupled model (denoted by "WRF+OpenFOAM") are plotted against the nacelle observations (denoted by "OBS"). It is found that although the accuracy of forecasts varies among the turbines and over different periods of time, both the WRF-alone forecasts and the WRF/OpenFOAM coupled forecasts can reproduce the overall wind speed variations reasonably well for all 15 turbines. It is also observed that the coupled WRF/OpenFOAM model can significantly improve the forecasting skill, particularly for the period from 120 to 150. In spite of different extents for different turbines and different periods of time, the coupled model shows appealing prediction capability in comparison with the raw WRF forecasts for all tested cases. The WRF forecasts ("WRF_fore"), the predictions of the coupled system ("WRF+OpenFOAM") and the corresponding observations ("OBS") of seven turbines for 192 cases, from 00:00 UTC 2 October to 23:00 UTC 9 October 2013. In order to quantitatively evaluate the improvement in the forecasting skill of the coupled WRF/OpenFOAM model compared to the WRF-alone forecasts, we calculated the mean errors (ME), root mean square errors (RMSE) and correlation coefficients (CC) of the raw WRF forecasts and the coupled WRF/OpenFOAM forecasts for all 15 turbines over the period of time tested. We plot all ME, RMSE and CC measurements, as well as the relative improvements due to the implementation of the coupled model in Figure 5 . Additionally, the results of the running mean (RM) hereafter method are also included for comparison. As indicated by the red lines in Figure 5 , the forecasts of the coupled model for all turbines are more accurate than the WRF model. For example, the coupled model improves the ME, RMSE, and CC of the WRF raw forecast for turbine No.9 by 59%, 43%, and 8%, respectively. From Figure 5 , it also can be observed that RM method is able to improve the raw prediction of the WRF-alone model; particularly, the systematic bias has been largely reduced. When comparing the correction results of RM method and the coupled model, we see the apparent advantage of the WRF/OpenFOAM in reducing the forecasting errors. Moreover, the WRF/OpenFOAM shows much smaller RMSE and larger CC with respect to RM method. This may be due in part to the fact that the proposed WRF/OpenFOAM can not only improve the systematical errors in WRF-alone forecasts but also part of stochastic uncertainties, while the RM method has an effect barely on the systematic errors. Thus, it is concluded that coupling the mesoscale WRF model with the OpenFOAM CFD model is very effective to resolve the low-level wind field over complex topographic conditions, and thus significantly improve the prediction capability. 
Results of Uncertainty Quantification
Impact of the Uncertainties in the Parameters of Turbulence Model and Inlet Wind Profile Parameter
As discussed in Section 3.4, we quantify the uncertainties in the turbulence model and inlet wind profile of the CFD computation for microscope wind field, which are thought to be important for the numerical results of the coupled model.
We choose three cases with the WRF outputs at 00:00 UTC, 12:00 UTC and 23:00 UTC, 9 October 2013 to drive the OpenFOAM CFD model for the numerical experiments on uncertainty quantification. We investigated the impact of uncertainties in five parameters, i.e., C 2 , C µ , σ k and σ in the turbulence model, and α in the inlet wind profile defined by (16) .
The STD of the wind speed for the tested parameters at each wind turbine site are computed by the stochastic collocation method and summarized in Table 4 . In addition, the deterministic forecasts of the hub height wind using the coupled model with standard values for all parameters are also displayed in Table 4 , which are used to assess the relative sensitivity against the STD values. Table 4 reveals that the sensitivity of the predicted wind speed to different model parameters, reflected by the STD values, varies significantly among the different turbine sites. For example, Case2 and Case3 are more sensitive to the uncertainty in C 2 than that in C µ , whereas the impact of the variation in C µ is, on average, more significant for all 15 turbine sites in Case1. By examining the ratio of the STD value and the wind speed from the deterministic simulation, we can estimate the sensitivity of the corresponding parameter to the wind field forecasts as shown in the parentheses in Table 4 . It is observed that different parameters have quite different impacts on wind speed forecast results. For example, parameter σ caused the smallest impact of 0.08% on the wind speed in case1 at No.9 turbine site, whereas parameter α caused the most significant impact of 10.31% on the wind speed in case2 at the No.12 turbine site. The impacts of five model parameters on wind direction are shown in Table 5 . Compared to the case of wind speed, relatively small differences of STD values among 15-turbine can be observed, which might indicate that the predicted wind direction is not sensitive to the uncertainties in the presented five uncertain parameters. The most striking observation is that the variation in the inlet wind profile characterized by the parameter α (Table 4) which generates the STD values is much more significant than any parameters in the turbulence model. It concludes that α in the inlet wind profile of the CFD OpenFOAM model in the coupled system affects dominantly the prediction of low-level wind fields.
Statistic Characteristics of the Uncertainty in the Inflow Profile Parameter α
As discussed above, the inlet wind profile plays a prominent role in predicting the wind field. We in this section discuss further the statistics of the wind speed prediction with the uncertainty in parameter α. Figure 6 shows the wind speed change with the wind profile parameter α for three cases at the sites of turbine No.1, No.3, No.9, and No.15, respectively. The markers indicate the 17 quadrature points in the stochastic collocation method adopted in this study, and the black lines stand for the reconstructed profiles using the results of the stochastic collocation method. It is found that the reconstructed wind variation with respect to parameter α can be accurately fitted by the basis functions with the coefficients determined from the stochastic collocation method. From the reconstructed profiles, the relationship between α and the wind speed of each turbine can be obtained. Using this reconstructed profile and the predetermined probability function of the uncertainty element p(ξ) (a uniform distribution within [−1, 1] in the present work), we can get the statistic properties of the predicted wind speed under the influence of uncertainty in α. The CDF functions of the corresponding wind speed of the three cases at turbine No.1 site are depicted in Figure 7 as an example, where we also indicate the mean value location and the points Q1, Q2, and Q3 standing for the locations where the CDF value equals to 25%, 50%, and 75%, respectively. It is observed that in all cases the CDF functions are slightly curved, and the mean value point locates close to but does not coincide exactly with the 50% CDF point, which indicates a weak nonlinearity in the CFD prediction results with respect to the uncertainty in α. The effects of the uncertain parameter α for four wind turbines at 24 instants, hourly from 00:00 UTC 9 October to 23:00 UTC 9 October 2013, are represented as the interquartile range IQR box and mean forecast of wind speed in Figure 8 No.15 Figure 8 . The interquartile range (IQR) boxes of the wind speed normalized by the mean values (left axis) in regard to the uncertainty in α for four turbines at 24 instants from 00:00 UTC 9 October to 23:00 UTC 9 October 2013. In each box, minimum, Q1, Q2, Q3, and maximum value stand for the CDF 0%, 25%, 50%, 75%, and 100%, respectively. The red circles indicate mean values of the wind speed forecasts (right axis) for each time instant.
Consistent with Figure 7 , the difference between median and the mean wind speed is very small (≤1.13%). Although the IQR box varies among the turbines at different instants, the effect of the change of α is overall significant. For example, at instant 15:00, the significant variation in the normalized wind speed of turbine No.15 site for Q1 point reaches 9.26%, while that for Q3 point is 8.58%. Note that this kind of effect is prominent no matter how small or large the mean of wind speed forecast is. This significance of parameter α in affecting the wind speed forecast implies a potential to use it as the parameter for data assimilation to improve the numerical results of the coupled model.
Conclusions
In this study, a coupled model consisting of mesoscale WRF model and microscale OpenFOAM CFD model has been proposed to predict the hub-height wind at a wind farm in Japan, where the terrain condition is very complex and generates large fluctuations in surface wind field. The predicted hub-height wind of the coupled model has been compared with the raw prediction of WRF model as well as the observation, for a real-case test from 00:00 UTC 1 October to 23:00 UTC 9 October 2013. It is found that the coupled model is able to resolve more accurately the fine flow structures over the complex terrain. The numerical results show that the coupled model significantly ameliorates the hub-height wind forecasts in comparison with WRF-alone forecasts, with 26%, 22% and 4% improvements in the quantified metrics of ME, RMSE and CC, respectively.
In order to explore the possibility for further improvement, we have carried out the uncertainty quantification to analyze the sensitivity in the forecast wind speed to some important model parameters. A stochastic collocation method based on polynomial chaos expansion (PCE) has been used to obtain the statistics of the numerical results with uncertainties in constants of the turbulence model (k − model) and the wind profile parameter α in the inflow conditions of the coupled model. It is found that the surface wind speed prediction from the coupled model is much more sensitive to parameter α than other parameters in the turbulence model. The uncertainties in the five parameters lead to weak impact on wind direction forecasts. The present work sheds a light on the importance of the inflow conditions for the CFD model, and suggests the next step to further improve the wind speed forecasting skill of the coupled model. A system to assimilate parameter α using the observation data of the target wind farm is under development. 
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